How food recalls due to bacterial contamination a ect the stock prices of two companies are examined using a version of the ®nancial market model that accounts for Generalized Autoregressive Conditional Heteroscedasticity (GARCH) e ects. GARCH methodology was necessary to uncover the time-varying volatility in the series and it contributed to more e cient econometric results. The initial food recall undertaken by the company is associated with reduced mean returns and higher volatility of the companies studied. Repeated recalls by the same company are not associated with strong reactions. Volatility spillovers across ®rms suggest potential industry-wide repercussions from bacterial contamination incidents.
I . I N T R O D U C T I O N
Food safety issues have come to centre stage as contamination incidents worldwide during the 1990s attracted press attention and US policymakers instituted the HACCP (Hazard Analysis Critical Control Point) regulatory process in 1996. One of the hallmarks of the HACCP system is that regulatory requirements are imposed in a general way and ®rms retain signi®cant responsibility for planning and executing the details of the process control programmes. Given this industry-focuse d approach, it should be a research priority to understand the full e ects of food safety measures on industry.
Recent research has advanced the understanding of the impact on businesses of HACCP adoption (Antle, 2000; Jensen and Unnevehr, 2000; Colatore and Caswell, 2000; and Nganje and Mazzocco, 2000 ; These studies investigate the costs of HACCP implementation at the ®rm level and point out the e ect on variable and ®xed costs from new food quality e orts. Other researchers have considered the consequences businesses face in the event that food contamination reaches consumers. One study of jury awards in product liability claims that result from bacterial contamination of food (Buzby et al. 2001) indicates that the awards tended to be modest, although it should be noted that out-of-court settlement information was not available. Another approach to study the e ects of contamination is the model of reputation and quality by Worth (2000) , which indicated that outbreaks a ecting strawberries were associated with lower prices paid to growers and no change in prices at the retail level. These studies highlight the existence of potential private incentives for ®rms to invest in food safety. The e ectiveness of private incentives should be explored further, given their potential value in complementing government regulatory e orts.
Financial markets are another source of private incentives to promote food safety. Managers of publicly-traded food companies seeking to maximize shareholders' wealth can be expected to align their tactics with the stock market valuation of food safety. One indicator of the market's valuation of food safety is the e ect on stock returns associated with speci®c events of food bacterial contamination. Salin and Hooker (2001) investigated the stock market reaction to four food recalls using an event study approach, which has a long tradition in the ®nance literature. Salin and Hooker found statistically signi®cant evidence of a negative e ect on returns for each of the four recalls considered, over di erent time frames, and also constructed measures of`before' and`after' variability of these stock returns.
While it is interesting to test for ®nancial market reaction to food recalls in this way, the reliability of standard event study procedures bears further scrutiny. The explanatory power of the models used to forecast abnormal returns in¯uences a researcher's ability to distinguish a signi®cant impact in any event study. Therefore, any methodology that can provide a more rigorous speci®cation of the underlying process is likely to permit higher quality conclusions to be drawn from the data. This paper applies such a development in the methodology, compared with that used by Salin and Hooker. The method is a ®nancial market model adjusted for Generalized Autoregressive Conditional Heteroskedasticity (GARCH) properties of the time series of the residuals in the market model. The advantage s of the GARCH approach are: ®rst, that estimates are more ecient, leading to better statistical properties; and second, that direct investigation of possible changes in conditional variance of the stock returns is possible, which provides information useful to ®nancial market observers and investors.
Empirical researchers in ®nancial economics often use Sharpe's (1963) simple market model to investigate the impact of an event on the market value of a publicly traded ®rm. The market model relates the return on any given security to the return on a market portfolio. For any security i the market model is:
where r it and r mt are the period t returns on security i and the market portfolio, respectively. In many applications a broad-base d stock index such as the Standard and Poor's (S&P) 500 index is used as a proxy for the market portfolio. C i is a constant; ' i is the systematic risk of security i; and " it is a disturbance term with zero mean and constant variance. The parameters of the market model are frequently estimated using an Ordinary Least Squares (OLS) regression. The estimated parameters are then used to calculate abnormal returns associated with the event(s) examined. Clearly such a routine requires strong statistical assumptions. One of these assumptions is that the error term "it is temporally uncorrelated. However, many researchers have questioned this and documented that successive returns on individual stocks are correlated (Lo and MacKinlay, 1988) , with large returns (of either sign) that tend to be followed by further large returns (of either sign).
Another assumption of the traditional market model is that the error terms, and hence the returns, follow a normal distribution with constant variance. Error terms from regressions involving stock returns are rarely normally distributed (Fama, 1963) . Giaccoto and Ali (1982) have shown that if the assumption of homoscedasticity cannot be satis®ed, the standard tests to measure the e ect of a speci®c event on security prices must be adjusted for heteroscedasticity. Otherwise, the parameter estimates may be ine cient and any inferences based upon them will be potentially misleading. Other researchers who came to the same conclusion include Akgiray (1989) , Connolly (1989) , Corhay and Rad (1994) , and Brockett et al. (1999) .
Researchers examining food recall e ects are interested in forecasting the levels of a series in order to accurately determine if the recall event is associated with a deviation of the returns from their expected path. Accurate estimates of the variance of returns are important for inference about such deviations. In addition, information about changes in volatility of stock returns is important for managers and shareholders, given the role of the risk-return tradeo in portfolio selection. These reasons underscore the value of econometric modelling that can uncover changes in stock volatility following food recalls. In this research, a GARCH framework of both univariate and multivariate speci®cations is used to estimate the e ects of food recalls on both mean returns and the volatility of those returns. The advantage of GARCH models is that they provide information about the level of the returns series and also its variance. Changes in variance over time are of key concern to this analysis of ®nancial markets, since investors require higher expected returns as compensation for holding riskier assets. Variances that are not constant over time are also important in the validity and e ciency of statistical inference (Hamilton, 1994, p. 657) .
I I I . T I M E S E R I E S P R O C E S S E S I N E V E N T S T U D I ES
To generalize the assumption of constant variance required for traditional econometric models, Engle (1982) developed a model describing a new class of stochastic processes called autoregressive conditional heteroscedasticity (ARCH). These are zero mean, serially uncorrelated processes with nonconstant variances conditional on the past, but constant unconditional variances. For such processes, the recent past gives information about the one-period forecast variance. The ARCH model speci®cation has been generalized by Bollerslev (1986 Bollerslev ( , 1987 
The conditional variance equation in the GARCH (p; q) model is characterized as follows:
where « t is the information set at time t on which the distribution of the errors is assumed to be conditioned, and ¬ and are parameters to be estimated. For qˆ0, the process reduces to the ARCH (p) process; and for pˆqˆ0, "it is simply white noise. The persistence of impacts of shocks on the current volatility of stock returns is measured by the sum of the ¬'s and 's. Namely, if
, then shocks die out very slowly (Engle and Bollerslev, 1986) .
Equations 2 and 3 are typically estimated using the maximum likelihood method under the assumption of conditional normality of the residuals. If this assumption does not hold, Bollerslev and Wooldridge (1992) derived a quasi-maximum likelihood method, used in this study, which provides consistent estimates of the covariances and standard errors.
An event study can be conducted using the above model speci®cation by further adding binary variables to the return and variance equations. The use of the binary variables to test for exogenous e ects on the time series process follows prior work by several researchers (Choi and Kim, 1991; Crain and Lee, 1996; Shiveley, 1996, and Yang et al., 2001) . In this study, a series of dummy variables were included in both the mean and variance equations to mark the timing of the food contamination incidents. It may be expected that adverse information reduces the returns of the stocks and increases the stock return volatility. The extended market model with a GARCH (p; q) process including the dummies is as follows:
where D 1 takes the value 1 two days before the event date and 0 elsewhere; D 2 equals 1 on the event day and 0 elsewhere; D 3 equals 1 two days after the event and 0 elsewhere. While D 2 is used to catch the e ect of the event day, D 1 is meant to summarize the potential for information leakage just prior to the event. D 3 is used to take into account the possibility that the market may not be fully informed on the day of the announcement. The potential interaction of a recall by the other company is captured in the mean and variance equations by allowing the dummies to equal one for both ®rms' events. The dummy variable D 4 in the variance equation is used to assess if there is any change in the stock price volatility ± the unsystematic risk of the company ± after the recall. These four dummies together describe the potential e ect of one recall event on a company's daily return and volatility. In later empirical estimation, a total of 5 recalls will be examined, hence there will be 5 sets of such dummies in (4) and (5), indexed sˆ1; 2; . . . ; 5.
While the univariate GARCH model contributes valuable information about the variance e ects, if any, for each company that conducted a food recall, a univariate speci®cation does not explicitly address a widely recognized commonality that ®nancial market volatility moves together over time across assets and markets. A multivariate`M-GARCH' model is therefore a natural extension to account for this correlation in a more systematic way than the dummy variables for cross-®rm e ects. Haigh and Holt (2000) used such an approach to directly incorporate the time-varying price variances and covariances that characterize the international grain markets. The original development of M-GARCH is due to Engle and Kroner (1993) . Using their notation, a vector of variance and covariance for the multivariate GARCH may be speci®ed as:
where C is, the application using 2 ®rms, a ‰ 2 … 2 ‡ 1 † =2 Š £ 1, or 3 £ 1 vector, and A i and B i are both 3 £ 3 matrices. Obviously, even in this two-dimensional size, the simplest, unrestricted speci®cation of pˆqˆ1 involves a total of 21 parameters in the variance equations alone, before any dummy variables are included. For practical purposes, some forms of simplifying assumptions are required of the A i and B i matrices to permit estimation, especially in high dimension models.
In the empirical implementation to measure the e ect of recalls within the multivariate framework, both the mean and variance are allowed to be a ected by recalls, and also the dummies allowed to enter into the covariance equation.
This speci®cation permits returns of one company to be a ected by its relationships with others in the market, and attempts to isolate the e ect of the food recall on the covariance. Speci®cally, the covariance between two companies' stock returns is a function of its own history and the product of the lagged volatilities of the two stocks. (Table  1 ). To measure possible e ects of these recall events on stock returns, the daily closing stock price or index (p it ) for the two ®rms and the S&P 500 index downloaded from http://®nance.yahoo.com are used. The data cover a period of ®ve years from 1 January, 1996, to 31 December, 2000. Each of the ®ve events occurred within this sample period. Dividends and stock splits have been incorporated in constructing these series. The actual sample size is 1262 days after removing weekends and holidays. Table 2 reports summary statistics of the three return series: mean, standard deviation, and skewness. The mean return rates for the three series vary considerably: 2.86% for IBP Inc. (IBP), 5.89% for Sara Lee Corporation (SLE), and 6.66% for the market as proxied by S&P 500. While these two food companies performed poorly compared with the market (in the sense of the simple average during the sample period), IBP's average daily return rate is the lowest. As expected because of portfolio e ects, the S&P 500 index has the smallest volatility as measured by standard deviation among the three series. It is also interesting to note that IBP's return was more volatile than SLE's by a margin of 18% during this 5-year period, despite the fact that IBP's average return is lower. At this stage, however, it is not clear how much of these di erences in return volatilities are attributabl e to the e ects of recall events. The skewness statistics show that all returns of S&P 500, IBP, and SLE seem to be asymmetrically distributed with the market exhibiting negative skewness, and the IBP and SLE series being biased towards positive returns.
As most statistical results in time series analysis are conditional on stationarity of the fundamental processes, ®rst the properties of each series are investigated. In implementing the augmented Dickey±Fuller test (Dickey and Fuller, 1979 ), Schwarz's Information Criterion (SIC) was chosen to determine the appropriate lag structure. A maximum of 15 lags in level (or equivalently 14 lags in the ®rst di erenced data) was selected. Table 3 reports the unit root test results for the three daily return series with numbers of lag variables determined by minimizing the information criterion. The hypothesis of a unit root in the series is de®-nitely rejected in each case with very low p-values (e ectively zero). In fact, the unit root hypothesis can be rejected with each of the numbers of lags considered. Not surprisingly, the three closing daily prices (indices) on which these return series are based are found to be nonstationary through the augmented Dickey±Fuller (ADF) test. The results are not reported here in the interests of space.
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Z. Wang et al. , and West et al. (1993) all provide evidence in support of a simple GARCH (1,1) among a variety of di erent speci®-cations. Brockett et al. (1999) chose GARCH (1,1) in their modi®ed event study analysis. This literature is followed and only the GARCH (1,1) speci®cation considered in this paper.
While recognizing that standard model selection criteria such as the SIC and Akaike Information Criterion (AIC) have been widely used in the ARCH±GARCH literature, Bollerslev et al. (1988) warned that the statistical properties of these criteria in the ARCH context are unknown. West et al. (1993) , and among others proposed other loss functions but these are typically case speci®c. The SIC is used here as the criterion for two reasons. First, a popular model selection procedure in the context of ARCH has yet to emerge. Second, major results reached below remain largely consistent under other choices of the lag structure. In Table 4 are reported the SIC statistics for two GARCH models of the IBP and SLE series. No lag, one, two, and three lags are considered.
Models are estimated with RATS programs (Doan, 1996) by maximizing log-likelihood functions. This nonlinear estimation consists of three steps. First, Equation 2 is estimated with OLS assuming constant variance. The OLS estimates are then used as the starting values for second stage estimation using the Simplex method. With the preliminary estimates from the Simplex method, the Broyden±Fletcher±Goldfarb±Shanno (BFGS) algorithm is employed to get both coe cient estimates and corresponding robust standard error estimates. In all cases, convergence is reached within the speci®ed maximum number of iterations. The results using other starting values show that the reported estimates are the ones under which the likelihood functions reach maximum values.
It is interesting to note that SIC unanimously reaches its minimum when no lag is included in estimation for both the IBP and SLE models (Table 4) . However, the SICs are extremely close under di erent assumptions on lag structures. In fact, the parameter estimates are also quite close for di erent speci®cations. In Table 4 , the Durbin±Watson statistics testing for serial correlation in the residuals are also provided for the models that attain minimum SIC. They are very close to 2 and hence indicate that no further ®rst-order serial correlation exists in the estimated residuals. Table 5 presents partial parameter estimates of univariate GARCH (1,1) models for IBP and Sara Lee stock returns. The other parameters are not of direct interest and are not reported, but it is worth mentioning that the coe cient of the market proxy S&P 500 index is highly signi®cant in both models with an estimate of 0.277 and 0.586, respectively. Three out of the four ARCH and GARCH e ects (¬ and ) are highly signi®cant, therefore rejecting the constancy of variance and indicating the time varying pattern of stock price variability. This justi®es the GARCH speci®cation. In both cases the sum (¬ ‡ ) is less than one, implying the lack of in®nite volatility shocks in these stock prices. The sum is 0.511 for the IBP series, showing a relatively slower decay of the conditional variance than in SLE series, which has a sum of 0.229 after a sharp rise due to a signi®cant event such as the recall. This GARCH result may not seem surprising when we remember that IBP's return is more volatile in terms of its sample standard deviation.
Our major interest is to check the sign and signi®cance of the coe cients related to the four dummy variables for the Stock market reaction to food recalls 983 recall events (d 1 ¡ d 4 ). In the two mean equations, about two thirds of the estimates are signi®cant at the 0.20 signi®cance level or better. In particular, 10 out of 15 estimates in the IBP mean equation are signi®cant at the 0.05 level, and more than half of the estimates in the SLE mean equation are also signi®cant at this level. The signs on these coe cients present a more mixed picture. A striking feature in the IBP mean equation is that all three dummies have negative signs for the ®rst IBP recall, and all are highly signi®cant. These estimates suggest a negative e ect on stock price returns from the initial contamination and recall. Not surprisingly, the dummy for the announcement day (d 2 ) has the highest value in magnitude (actually among all relevant coe cient estimates considered in this study). In contrast, the e ects of the subsequent two recall events are mixed, despite the fact that the second recall was almost twice as severe in terms of quantity a ected as the ®rst one. IBP's second recall is associated with negative returns (relative to the market) both before and after the recall was announced, but the e ect is positive and is only signi®cant on the event day. The event day dummy for the third recall is also positive and signi®cant (1.015). There are three possible explanations. The ®rst explanation is a weaker market reaction to the repeated shocks. Put another way, the market might have`learned' from IBP's initial recall, and had correctly valued the second and third recalls in response to the experience with the ®rst recall. This expectation was incorporated into the market price long before the second and the third recalls were actually announced. The second possible explanation is that the market responded to the next two recalls with lags because of information spread. IBP's stock price decreased moderately following the announcement in both cases, but these reductions in returns were outside 984 Z. Wang et al. the event window modelled here. A third explanation is that some other unidenti®ed positive shock(s) to the IBP series may have occurred coincidentally with the second and third IBP recalls. The signi®cant coe cient estimates associated with the two Sara Lee recalls in the IBP mean equation support the widely held belief that the stock returns of the two meat processing giants interact. Plausible ®nancial reasons exist to explain either positive or negative interactions. A positive cross-e ect would indicate that investors shifted their funds into an alternative food company stock when the recall was announced. A negative cross-e ect supports a concern that recalls by one company a ect the ®nancial status of other ®rms in the same industry. However, the two recalls had di erent e ects on IBP stock performance. The second Sara Lee recall had signi®cant negative e ects while the ®rst one had smaller (in magnitudes), but still signi®cant, positive e ects on and before the event day. The changing signs might be the result of market's weaker reaction to repeated shock as before. The ®rst Sara Lee recall was announced the month following the second IBP recall, and the second Sara Lee recall was announced sixteen months after. For Sara Lee Corp., the relatively large, signi®cant and negative estimate of dummy d 1 of the ®rst Sara Lee recall ( ¡ 1:256) indicates that there was information leakage before the press notice of the ®rst recall. This initial decline in returns was followed by an insigni®cant bounce-back (0.460). However, the market corrected its reaction with another moderate drop following the recall ( ¡ 0:888). As for the impact of the second Sara Lee recall, both d 1 and d 2 have negative signs, which is as expected. Again, the market adjusted its valuation of Sara Lee stock after the event. Overall, the ®rst recall had more severe impacts than the second one. This result is consistent with the fact that the ®rst Sara Lee recall was far more severe than any of the other four recalls.
In line with above ®ndings on interactions, the ®rst two IBP recalls had generally negative cross-e ects on Sara Lee's stock returns while the impact of IBP's third recall on Sara Lee was not so clear.
As expected, in the two variance equations the ®rst IBP recall and the ®rst Sara Lee recall signi®cantly increased their own stock volatilities in association with food recalls. These share prices are more volatile after the recall. Similar to the pattern in the mean equation, the ®rst IBP recall had a more signi®cant e ect than the later recalls. Although positive, the third recall's e ect is negligible in terms of both magnitude and signi®cance level. Just like its e ect on return, the second IBP recall is associated with decreased volatility, which is a little surprising although one must remember the increased volatility following the ®rst recall. The ®rst IBP recall also increased the volatility of the Sara Lee series, though the e ect was not as strong or as signi®cant as the e ect associated with the ®rm's own recall. It is interesting that the estimated e ect of the ®rst Sara Lee recall on IBP's volatility was both large and signi®cant (2.198) even though no e ect on mean return was observed.
Compared to the univariate speci®cation, the bivariate GARCH utilizes full information from the market in explaining the individual series and hence is anticipated to produce more e cient estimates in general. The use of an explicit covariance equation provides more information about the interaction between these stock returns, and is expected to be an improvement over the univariate estimation. Results in Table 6 con®rm the advantage of the bivariate GARCH. Each of the parameter estimates exhibits the same signs as before. Most of them are quite close to the univariate model estimates in magnitudes, but many of them have smaller standard errors, re¯ecting gains in estimation e ciency.
The parameter estimates for the covariance equation at the bottom of Table 6 indicate the nature of the volatility spillovers is relatively modest. The intercept (not reported in the table) is estimated to be 0.180 and highly signi®cant (the t-statistic is 2.335 with a p-value of 0.019), and the two ARCH and GARCH parameters are quite small and insigni®cant. This implies that the relationship between the two companies' stock returns was quite stable during the sample period. With the exception of the ®rst Sara Lee recall, the recall events from IBP and Sara Lee did not seem to have much impact on the relationship with the dummy estimates being generally insigni®cant. The corresponding estimate is 1.363 and is signi®cant at a level of 0.02.
V . C O N C L U S I O N S
This study investigates the e ects of ®ve food recalls on the stock returns of two a ected companies within a GARCH framework. The assumption of constant conditional variance is clearly rejected in all cases, which justi®es the use of GARCH in this context. The empirical results from both univariate and bivariate estimations also indicated that, for both companies, the ®rst recalls had signi®cantly negative e ects on daily returns around the event dates. In addition, the ®rst recalls not only signi®-cantly increased the volatilities of their own companies' stock returns, but also those of the other company in the same industry.
The evidence of additional risks from subsequent recalls is, in general, much weaker. Results from the bivariate GARCH model show that the two meat-processing giants have enjoyed a fairly stable relation in their stock market returns. The ®rst Sara Lee recall is the most severe among all major meat product recalls; it is the only recall that signi®cantly strengthened the stock correlation between IBP and Sara Lee. This ®nding suggests that the market may be taking into account the severity of food recall events. The major results reported in this study are robust to choices of di erent lag orders about the underlying processes, and di erent sample periods used to estimate the model.
While the GARCH modelling strategy has received a lot of attention in ®nancial studies, the authors are not aware of any empirical work that has applied GARCH to assess the e ect of food recalls on ®rms' stock performance. The interesting results from both univariate and bivariate GARCH speci®cations convinced us that the GARCH model is a promising approach to ®nancial event studies. Taking into account interactions among ®rms in the same industry, the multivariate GARCH model provides more e cient estimates than the univariate approach, and explicitly models the spillover e ects among di erent companies.
While the estimation of the bivariate GARCH was tractable in this examination of two ®rms, it should be noted that multivariate GARCH systems in higher dimensions can present di culties to the econometrician. At the very least, pair-wise comparisons of ®rms would be feasible, if more recall events by publicly traded ®rms were to be considered.
The reaction of investors to food recalls by two large ®rms suggests a role of ®nancial markets in providing private-sector incentives to promote food safety. The value of the ®rms fell initially, but not in subsequent events, which implies that risks related to recalls were anticipated by investors once the market became sensitized to food safety issues.
